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Statistical analysisTheMunsell color system is almost universally used for measuring colors of archeological artifacts. In addition to
recording soil colors, many use theMunsell system to record the colors of ceramic attributes, such as pastes, slips,
glazes, and paints. These data are often used in bothmodal and typological analyses of ceramic style. Most often,
however, Munsell color data are used in a purely descriptive fashion, and the quantitative potential of the infor-
mation is not fully exploited. We propose here a new protocol for manipulating, analyzing, and interpreting
Munsell color data that permits the statistical investigation of sets of Munsell observations as well as hypothesis
testing. A Munsell color reading is composed of three continuous interval scale variables, and these data can be
transformed into x, y, z coordinates that deﬁne a location in color space (D'Andrade and Romney, 2003). Once
transformed into spatial coordinates, Munsell data can be analyzed using spatial analysis techniques, such as
k-means cluster analysis, aswell as non-spatial statisticalmethods. In our case,we chose to use logistic regression
to study the degree to which color could differentiate ceramic types and varieties. We argue that logistic regres-
sion is an appropriate approach for testing common types of hypotheses that archeologistsmay posewith ceram-
ic color data. We illustrate the approach on sets of Munsell data representing ceramic slip colors fromMayapán,
Yucatán, México. We were able to show a clear separation between the Mama Red and Polbox Buff types. Using
the techniques we suggest here, archeologists can signiﬁcantly expand their modal analyses of ceramics because
color is a common and easilymeasured attribute inmost ceramic assemblages. The same techniques can easily be
extended to other kinds of artifacts, including lithics and textiles, as well as soils, sediments, plants, and other
objects studied by ﬁeld scientists.
© 2015 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).1. Problem
“Archaeologists routinely record color by standard codes but seldom
make use of this data” (Frankel, 1994: 205). “[N]obody knows what to
do with them [color measurements]” (Rice, 1996: 184). Here we pro-
pose a general solution to the problematic neglect of Munsell color data.
“The importance of color in pottery description is attested to by the
frequency with which color adjectives are used in naming types”
(Shepard, 1956: 102). Color provides insights into the technological
processes used in producing pottery. Equally signiﬁcant, color is a prom-
inent attribute of the style of pottery and is therefore employed in pot-
tery classiﬁcation and modal analysis. Archeologists almost universally
use Munsell color designations, usually from the Munsell Soil Color
book (Munsell Color, 2009), to record and describe the colors of the
ceramics they recover. Guides to ceramic analysis acknowledge the
widespread use of the Munsell system for recording ceramic colors
and usually recommend the use of Munsell colors for ceramic descrip-
tion (Orton et al., 1993: 136, 231; Rice, 1987: 339; Shepard, 1956: 107).ram, Indiana University, 819
512, USA.
. This is an open access article underThough archeologists almost always recordMunsell colors of pottery
pastes and slips, they use these data descriptively. They usually report
themodal (most common) color or the range of color for a particular at-
tribute. It is rare to see an analysis of a set of color data. The questionwe
explore in this paper is how to use Munsell color measurements not
only for description but also for statistical estimation and inference,
and ultimately for hypothesis testing.
Why have archeologists not routinely performed such operations
when the data are ubiquitous? One possible answer is that some
archeologists believe that slip, paint, and paste colors vary in such com-
plex ways that Munsell measurements can be, in a sense, too imprecise
to merit quantitative analysis. In such cases, the Munsell measurement
may be a precise reading of a color, but it may be impossible to identify
which color(s) is(are) representative of the material being studied.
Sometimes taking Munsell readings on prehistoric ceramics, at least in
the Americas, is like trying to takeMunsell readings on an Impressionist
painting. It can be awfully tricky to ﬁgure out which spot or patch of
color is creating the overall palette that one sees at a distance because
of the extremely complex manner in which the colors vary and blend.
This presents a difﬁcult problem that can only be solved by the analyst
taking into account the qualities of the artifacts in relation to his orthe CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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uated to determine whether any particular mode or attribute can be
measured reliably. Nevertheless, some ceramics, as well as other
classes of artifacts, do exhibit consistent colors that can be measured
accurately and precisely using Munsell observations (for additional
discussion of the uses of Munsell data in archeology, see Ferguson,
2014). Thosemeasurements can then be analyzed using themethods
we describe below.
Another reason that archeologists may not have statistically ana-
lyzed bodies of Munsell data is that it is not at all obvious how to do
so. As Prudence Rice (1996) remarked:
To paraphrase an old saw, color measurements (for archeologists)
are like theweather: everyone records them but nobody knowswhat
to do with them. The Munsell Soil Color Charts' tripartite alphanu-
meric color readings constitute a rote component of most ceramic
descriptions; there is a potential wealth of data there for interpreta-
tions about pottery manufacturing technology, yet this potential has
rarely been tapped. (Rice, 1996: 184, emphasis added).
What, then, should we do with such data? A simple solution is to
compare Values or Chromas separately, changing a three-variable prob-
lem into a one-variable problem (Brown, 1999). For example, if you
have two sets of Munsell colors from two proveniences, and you wish
to compare them, you could perform a t-test or a Mann–Whitney U
test between the Values of the two data sets. This would evaluate
whether the location (mean or median) of the Value measurements
were effectively equivalent. You could follow the same procedure sepa-
rately with the Chroma measurements. The Hues present a problem,
though. Whatever is one to do with the letters? Moreover, analyzing
color data univariately precludes examining the interactions among
the three dimensions of variation. We perceive color as a unitary phe-
nomenon; a single color seems like a thing in itself; treating its three
dimensions separately seems unsatisfying and analytically unnatural.
Another, thoughmore complex, solutionwould be tomeasure colors
in a color space other than Munsell. Bishop et al. (1988) used a
chromameter tomeasure colors in the CIE L*A*B* system formathemat-
ical manipulation. Giardino et al. (1998) recommended the use of a
spectroradiometer and also recorded their data as CIE tristimulus
values. These instruments can measure color with greater accuracy
and precision than human archeologists, but they are expensive. Even
a less expensive spectrophotometer will probably exceed the average
archeologist's budget. Moreover, such an approach does not allow one
to elude all of the difﬁculties inherent in performing statistical tests
with color data. One still has to confront the multivariate and non-
parametric qualities of any color data set. Andwemaywish to compare
new color measurements with those in the literature, but conversions
between color spaces can be difﬁcult and inexact.
Arguably themost successful attempt so far to analyzeMunsell colors
is Frankel's (1994). Frankel proposed an essentially visual analysis. He
suggests arranging outlines of the Munsell Soil color pages in a row and
shading the color tiles such that the density of shading in each tile is pro-
portional to the number of Munsell color readings for that tile. Thus, the
darker tiles represent those in which the data are concentrated. This pro-
vides an effective visualization of the distribution of the data. To compare
to sets of data, from, let's say, two sites or two occupations or two wares,
you align two rows ofMunsell pages and visually evaluate the similarities
and differences (see Frankel and Webb, 1999: 22). While this is a valid
procedure, it lacks much of the efﬁciency and speciﬁcity of a probabilistic
numerical approach. For example, Frankel's method does not provide a
deﬁnite answer, such as a signiﬁcance test, when the visual patterns over-
lap in complex or ambiguous ways. Therefore, we need a method that
uses the relevant tools from mathematics and probability.
In this article we describe amethod for convertingMunsell color ob-
servations to statistically tractable variables amenable to manipulation
for statistical estimation, inference, and hypothesis testing. We alsosuggest statistical methods appropriate to color data and provide exam-
ples of how to implement them.
2. Munsell color
TheMunsell color system, developed by Albert Munsell in 1905, is a
roughly spherical representation of colors organized into independent,
perceptually-unique locations in color space. The system consists of
three distinct axes: hue, chroma, and value (or lightness). These three
variables represent all visible colors in equally distributed increments,
represented by color chips. Although the chips are discrete points, the
variables are continuous, and color measurements can be observed
and recorded between the published chips (Shepard, 1956: 111; Soil
Survey Division Staff, 1993: 74–77).
In 2003, Roy G. D'Andrade and A. Kimball Romney sought to prove
that the Munsell color system was an accurate representation of
human color perception based on the opponent process theory of
color vision. In this article, the authors showed that spectral reﬂectance
data predicts Munsell color coordinates particularly well, but what we
found most interesting was the relative ease with which Munsell color
data can be transformed into 3-dimensional Cartesian coordinates
(D'Andrade and Romney, 2003). Inspired by their work, we propose
that Cartesian coordinates of Munsell color data can be used to analyze
archeological data, as well as other color data. We provide an example
using ceramic slip color measurements collected on pottery from
Mayapán, Yucatán, México.
2.1. The Munsell color transformation
The Munsell classiﬁcation system represents three perceptually dis-
tinct and independent dimensions—hue, chroma, and value—in a 3-
dimensional color space. Hue is divided into ﬁve principal sections,
based on the colors red (R), yellow (Y), green (G), blue (B), and purple
(P). These ﬁve hues have intermediate classiﬁcations aswell, e.g., YR lies
between red and yellow, resulting in 10 distinct hue designations, each
with four sub-divisions. Thus, in the full Munsell system, there are 40
distinct hues, each with its own alphanumeric designation. Value, or
lightness, varies from 0 (black) to 10 (white). Finally, chroma, which
represents the saturation of the hue, ranges from 0 for very light/pastel
hues, to as high as 30 for strong/vivid hues.
As D'Andrade and Romney (2003) have brilliantly shown,
transformingMunsell data into standard Cartesian coordinates is relative-
ly simple, as theMunsell color space is inherently a 3-dimensional system.
The ﬁrst step is to convert hues to angles. Think of the Munsell Soil Color
book as standing upright with the pages fanned out in a circle around the
3-ring binder. Look down on the book from above and position each page
equidistant from its neighbor so that each of the 40 hue designations is
distributed around the central axis formed by the binding of the book,
which can be envisaged as the z-axis of the color solid. If the book had a
page for every Munsell hue, then the 40 pages would be distributed at
9° intervals. In this way, one can assign an angle in degrees, relative to
the origin, to each hue. D'Andrade and Romney arbitrarily chose 5R as
the origin, 0°, with each of the remaining 39 hues dispersed clockwise
9° apart. Thus, 7.5YRwould have a value of 9°, while 5 GB, which is oppo-
site 5R, would have a value of 180°, and so on. We converted the degrees
to radians to facilitate calculations inMicrosoft Excel, but that is not essen-
tial to the technique(see Supplemental Materials).
The Chroma is the distance from the central axis (or book binding)
outward along the page. Together, the Hue angle and the Chromamea-
surement form a pair of polar coordinates that uniquely describe a point
in the plane.We next convert those polar coordinates to Cartesian coor-
dinates with basic trigonometry (Eqs. (1) and (2)).
x ¼ sin Hueð Þ  Chromað Þ ð1Þ
y ¼ cos Hueð Þ  Chromað Þ: ð2Þ
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the “height” of the point in the third dimension. Thus,
z ¼ Value ð3Þ
D'Andrade and Romney normalized the three variables, but we do
not consider that necessary or relevant to the uses we propose for the
data.
Here is an example using 7.5YR 5/8, in which the Hue is represented
by 9°, or approximately 0.15708 in radians:
x ¼ sin 0:15708ð Þ 8ð Þ  1:2515
y ¼ cos 0:15708ð Þ 8ð Þ  7:9015:
Thus, the Cartesian coordinates of 7.5YR 5/8 are (1.25, 7.9, 8). Once
this transformation is complete, anyMunsell color data can be analyzed
using statistical and mathematical methods, including spatial and non-
spatial methods.Fig. 1. Topographic map of the Polbox 1 cluster at Mayapán, Yucatán, México showingFor example, the distance between any two points (x1, y1, z1) and
(x2, y2, z2) can be calculated as Euclidean distance:
d ¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
x2−x1ð Þ2 þ y2−y1ð Þ2 þ z2−z1ð Þ2
q
: ð4Þ
This is equivalent to the ΔE, the standard of color difference in the
CIE system. For a cluster of converted Munsell measurements, the cen-
troid can be calculated as the mean of x, y, and z, provided, of course,
that the mean is an efﬁcient and unbiased estimator of the location of
the distribution. In our data, as in so much archeological data, the
mean does not appear to be a good measure of location, but your data
may behave better. If so, you could calculate conﬁdence intervals
around those means or use Mahalanobis distance to judge the disper-
sion of the cluster and evaluate whether it overlaps with another
group. You could perform k-means cluster analysis (Kintigh and
Ammerman, 1982) to identify spatial clusters of your color measure-
ments. You could use nearest neighbor analysis to evaluate whether
the distribution of colormeasurements is random, clustered, or uniform
(Clark and Evans, 1954; Hodder and Orton, 1976: 38–43; Kintigh, 1990:
167–174; Whallon, 1974).the houselots, structures, and excavations. Elevations in meters after Jones (1952).
Fig. 2. Topographic map of the Chacsikin 1 cluster at Mayapán, Yucatán, México, showing the houselots, structures, and excavations. Elevations in meters after Jones (1952).
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The color data analyzed here were collected as part of the second
author's doctoral dissertation research at the site of Mayapán, Yucatán,
México (Brown, 1999).Mayapánwas the political and cultural capital of
a large chunk of the northern Maya lowlands in the Late Post classic pe-
riod. The main occupation of the site is conventionally dated, through
historical inference, to ca. A.D.1200–1440, butrecent radiocarbon dating
shows that the site was founded by the twelfth century if not earlier
(Peraza Lope et al., 2006). The purpose of the project was to identify so-
cial groups within the residential zones of the site and to try to inferFig. 3.Mama red sherds showing color variation (Photographs by Clifford T. Browtheir structure and composition. In the residential zones, the domestic
architecture is organized into “patio groups” composed of one or more
houses, kitchens and other domestic structures juxtaposed around a
court. When surrounded by a dry-laid stone wall, one or more patio
groups forms a “houselot.” Adjacent houselots form settlement “clus-
ters,” which are separated from each other by lanes or open spaces
(see Figs. 1 and 2).The author excavated and surface-collected in the
houselots of several clusters and performed a modal analysis of the ce-
ramics from two clusters in an attempt to identify stylistic differences
among the ceramics from different settlement units, to test the hypoth-
esis that social or cultural distinctions existed among them.n. Courtesy of the Middle American Research Institute, Tulane University).
Fig. 5. This 3-dimensional scatterplot of theMunsell color data shows the separation of the
Mama Red and Polbox Buff types. The Polbox sherds tend to be rotated clockwise from the
Mama colors because their hues are more yellowish. The Polbox colors are also higher in
value, that is, lighter than, the Mama colors. The z-axis is the Munsell Value, while the x-
and y-axes are the transformations of theMunsell Hue and Chroma frompolar to Cartesian
coordinates.
Fig. 4. Tecoh Red-on-Buff sherd. The “buff” colored slip under the red pain is the color of
the Polbox Buff Group, San Joaquín BuffWare (Photographs by Clifford T. Brown. Courtesy
of the Middle American Research Institute, Tulane University).
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slips fromallMayapán-period slipped sherds forwhich the slipwaswell
preserved. Slips colors were by far the most common modes that could
be recorded within the collection. As this is probably true for many ce-
ramic collections, one can see the need for valid procedures for analyz-
ing such data. Because of the large number of slipped sherds in some
lots, Brown could not record the Munsell color of all specimens. He
therefore sampled in the following manner. First, any slipped sherd
for which he recorded some other mode would have its slip color re-
corded if it were not too eroded or faded. Then, for each variety, the re-
maining plain slipped sherdswithwell-preserved slipswere sorted and
counted. If there were more than 50, a simple random sample was
taken. The number of sherds in the sample was 25% of the original
count of the variety in the lot, but no less than 30. The random sample
was taken by assigning each sherd a number and drawing specimens
using a random number table. In practice, sampling was only necessary
forMama Red variety sherds in a few lots. Both the interior and exterior
colors were recorded when possible, otherwise only one or the other.
Usually only one side could be recorded. When a sherd exhibited a
range of color, several readings representing the range were recorded.
If the variation in color was gradual and clinal, a mean was entered
into the database. If the differentiation was sharp, two readings were
entered into the database.
Many sherds exhibit variation, sometimes dramatic, in slip color.
Variation among sherds of the same nominal color is equally dramatic.
Nominally red slipped sherds could be so dark as to be almost black,
or they could be so light as to be buff colored (see Fig. 3). Similarly,Table 1
Description of the hypotheses tested and variables used in our analysis.
Null hypothesis tested Type of test Dependent variable Ind
Colors of Polbox and Mama
ceramic groups are the same
Bivariate logistic
regression
Variety, nominal scale x, In
coo
hue
Mu
Ceramic colors in the Chacsikin
and Polbox settlement clusters
are the same
Bivariate logistic
regression
Cluster, nominal scale x, In
coo
hue
Mu
Ceramic colors in all houselots
from the Chacsikin and Polbox
clusters are the same
Kruskal–Wallis test;
bivariate logistic
regression
Houselot, nominal scale x, In
coo
hue
Mubuff sherds could stretch to red or to cream colored. Thus, there is a con-
tinuum of slip colors from nearly black to cream. This creates a funda-
mental problem in classiﬁcation because of the way in which Robert
Smith constructed the typology (Smith, 1971).
The principal slipped wares at the site are Mayapán Red Ware,
Mayapán Black Ware, San Joaquín Buff Ware, and Peto Cream Ware.
These all share the same paste (sensu Rice, 1987), so the only difference
among them is the color of the slip. Yet the variation in slip color is clinal
rather than continuous, so how is one to separate them reliably? Robert
Smith (1971) recognized this problem, at least in part.
Mayapan Black Ware is relatively rare, and although some of the
fragments are pure black, others show reddish areas. This ware fol-
lows Mayapan Red Ware very closely; in fact, color appears to be
the only difference. No complete vessels were found. At times the
question arose as to whether a black ware was really intended. Per-
haps the black sherds should be considered as a group under a more
general ware category such as Yucatan Burnished Ware. (Smith,
1971:239).
Having a Burnished Ware taxon would have created a typological
link among these related wares and allowed the color differences to
be expressed at the group or type level of the taxonomy. In its absence,
Brown faced the practical problemof classifying the pottery by adopting
a “conservative” approach in which sherds with ambiguous slip colors
were assigned to themajor rather than theminor group or type. For ex-
ample, in the absence of any other evidence, a sherdwith an orange slipependent variable 1 Independent variable 2 Independent variable 3
terval scale (Cartesian
rdinate position in the
-chroma plane of the
nsell color space)
y, Interval scale (Cartesian
coordinate position in the
hue-chroma plane of the
Munsell color space)
z, Interval scale (Cartesian
coordinate position of the
value in Munsell color space)
terval scale (Cartesian
rdinate position in the
-chroma plane of the
nsell color space)
y, Interval scale (Cartesian
coordinate position in the
hue-chroma plane of the
Munsell color space)
z, Interval scale (Cartesian
coordinate position of the
value in Munsell color space)
terval scale (Cartesian
rdinate position in the
-chroma plane of the
nsell color space)
y, Interval scale (Cartesian
coordinate position in the
hue-chroma plane of the
Munsell color space)
z, Interval scale (Cartesian
coordinate position of the
value in Munsell color space)
Table 4
Predictive correctness of regression model for ceramic type.
Classiﬁcations for type predictions
Step 1 Predicted type Percentage correct
Mama Polbox
Observed type Mama 953 6 99.4
Polbox 16 54 77.1
97.9
Table 2
Predictive correctness of pre-regression model for ceramic type.
Predicted classiﬁcations before regression: type
Step 0 Predicted type Percentage correct
Mama Polbox
Observed Type Mama 959 0 100.0
Polbox 70 0 0.0
93.2
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though it might be possible to show that the same Munsell color could
occur on a sherd of Tecoh Red-on-Buff (a type within San Joaquín Buff
Ware; see Fig. 4).Only when a sherd lay clearly outside the apparent
range of normal variation for the “major” type or group did Brown clas-
sify it as a minor, rare type. Consequently, a sherd had to be truly black
to be Black Ware, truly buff to be Buff Ware, and truly creamy to be
Cream Ware. Any other approach would have created greatly elevated
counts of what are widely supposed to be rare types and varieties. He
also thought this procedure was the most replicable and least idiosyn-
cratic one available. Nevertheless, it is possible that some proportion
of the slipped sherds are misclassiﬁed.
We used theMunsell colormeasurements to test the hypothesis that
this procedure led to the creation of distinct groups that exhibit statisti-
cally signiﬁcant differences in color. Once we have done that, we go on
to test two hypotheses about the spatial distribution of slip colors: 1) is
there a statistically signiﬁcant difference between the slip colors from
the two settlement clusters, and 2) failing that, are there statistically sig-
niﬁcant differences among the slip colors from the houselots within the
clusters? Thus, we investigate whether the variation in slip colors can
better be partitioned by the dependent variable “cluster” or the depen-
dent variable “houselot.”Using a somewhat different approach, Brown
previously investigated variations on the theme of the second hypothe-
sis by performing univariate tests on the colors of all slipped Mayapán-
paste specimens as a group and also by examining slip colors within in-
dividual types (Brown, 1999: 379–382). He found little evidence of dif-
ferences between the settlement clusters but greater differences in
color among the houselots. The data for this project consist of the
Munsell colors of exterior slips fromMayapán RedWare (RedMamaand
Red Panabchen Groups) and Mayapán Buff Ware (Buff Polbox
Group).We excluded the Tecoh Red-on-buff from the Polbox Buff
Group analysis because most of those sherds were not “true” red-on-
buff but rather had red exterior slip and buff interior slip. Although
Smith classiﬁed those with Tecoh Red-on-buff, we believe they should
be classiﬁed separately (Smith, 1971: 229–230).
4. Hypothesis testing using logistic regression
We argue that logistic regression is the most appropriate approach
to testing the kind of hypotheses we posed.We have categorical depen-
dent variables: in the ﬁrst instance, the dependent variable is ceramic
ware type, while in the second and third cases, the dependent variablesTable 3
Binary logistic regression model for ceramic type.
Logistic regression model: type
B S.E. Wald df Sig. Exp(B) 95% C.I. for
Exp(B)
Lower Upper
X 3.724 0.694 28.819 1 0.000⁎⁎ 41.448 10.640 161.453
Y −1.875 0.371 25.574 1 0.000⁎⁎ 0.153 0.074 0.317
Z 1.147 0.488 5.526 1 0.019⁎ 3.149 1.210 8.197
Constant −7.187 2.345 9.395 1 0.002 0.001
⁎ p b 0.05.
⁎⁎ p b 0.01.are cluster and houselot, respectively (see Table 1). The independent
variables are continuous. Our data are radically non-normal, and so
we could not use linear discriminant analysis; thus, logistic regression
is the obvious choice. In addition, logistic regression may be more suc-
cessful at classifying cases correctly than linear discriminant analysis
(Pohar et al., 2004; Press and Wilson, 1978).
We conducted the analyses of exterior ceramic slip colors on our
data set using the Statistical Package for the Social Sciences (SPSS™ ver-
sion 21.0) (IBM Corp., 2012) and the Paleontological Statistics software
package (PAST version 3.01) (Hammer et al., 2001). Theﬁrstwas a bina-
ry logistic regression of the two major types recorded, Mama Red and
Polbox Buff, to determine if they in fact separate by color given how
the types were classiﬁed. Binary logistic regression is an exploratory
method for predicting binary dependent variables based on various in-
dependent predictors using the following equation:
loge
1
1−p
 
¼ B0 þ B1  x1 þ B2  x2 þ B3  x3 þ B3  x3:::Bn  xn: ð5Þ
The left-hand side of the equation translates as the natural logarithm
of the odds while the right-hand side represents the independent vari-
ables whose respective coefﬁcients are estimated to ﬁt a logistic func-
tion given the data. Logistic regression offers the advantage of being
non-parametric, a necessity in our case given the highly skewed distri-
bution of the individual variables.
Our data set primarily occupies a small section—roughly one
quadrant—of theMunsell color space in the red-to-yellowhues, not sur-
prisingly in the range covered by the soil color charts (see Fig. 5). Al-
though the data are relatively continuous, there is an apparent
difference in the distribution between the red and buff types, and we
wanted to conﬁrm this distinction statistically using the CartesianFig. 6. This scatterplot shows only the x and y axes so that in effect the viewer is looking
down from above on the 3-dimensional cloud of points representing the locations of our
observations inMunsell color space. The graph illustrates that the data are mostly distrib-
uted in the positive quadrant of the Cartesian plane, and it also shows the nearly complete
overlap of the data from the two settlement clusters. The number of points seems small
because many data values fall on the same tiles.
Fig. 8. This 3-dimensional scatterplot of the Munsell colors shows substantial overlap of
slip colors in the houselots studied.
Fig. 7. This 3-dimensional scatterplot shows the vertical distribution of the Munsell color
data along the z-axis (Munsell value). The data from the two settlement clusters overlap
substantially.
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the dependent variable, and the x, y, and z coordinates were used as re-
gressors. Our data set is heavily dominated by the Mama type—it com-
prised about 92% of the data—and thus the pre-regression predictive
correctness is quite high, because it predicts all cases asMama (Table 2).
Table 3 presents the regression model for type; both the x and y co-
ordinates were signiﬁcant predictors of type at α=0.05. This is expect-
ed because the difference between red and “buff”(which at Mayapán is
usually yellow or orange) is primarily a difference in hue and secondar-
ily of chroma. Thus, the Mama and Polbox types should theoretically
separate well by hue, as indeed they do. The z coordinate, which repre-
sents value, was a less signiﬁcant predictor. As the model shows, the x
coordinate is by far the most signiﬁcant predictor, and as it increases,
the log-odds of a Polbox Buff type also increase. The Mama type falls
within smaller angles—recall that 0° was arbitrarily set at 5R—and a
lot of Mama sherds have colors in the 5R to 10R range. The Polbox
type occupies angles further from the origin, in this case between 5YR
and 10YR. Thus, the logistic regression model conﬁrms what we can
see in the three-dimensional plot (Fig. 5): that Mama and Polbox were
classiﬁed into distinctive groups notwithstanding the clinal variation,
their ambiguous deﬁnitions, and overlapping cases.
After the regression, the predictive correctness of our model in-
creases to 97.9%, with over 75% of Polbox Buff cases now predicted cor-
rectly, and only 22 cases incorrectly interpreted (Table 4). Two
additional measures of the model, the Hosmer and Lemeshow
goodness-of-ﬁt test (p=0.899) and the Nagelkerke R-squared approx-
imation of model signiﬁcance (p = 0.839) both also indicate this is a
good model for predicting ceramic type based on Munsell approxima-
tions in our data set (Hosmer et al., 2013).
It is not unanticipated for a regression using color approximations to
properly classify data that differ by color (see Fig. 5), although this re-
gression conﬁrms the validity and effectiveness of our approach. We
also conducted tests based on houselot and cluster, with our main hy-
potheses being that there may be signiﬁcant differences in the ceramic
color between clusters or among houselots. The regression on houselot
clusters, Chacsikin 1 and Polbox 1, which visually exhibited extensiveTable 5
Kruskal–Wallis H and p-values for x, y, z coordinates by houselot.
Kruskal–Wallis test for houselots (n= 8)
Coordinate H p-value
x 48.94⁎ 1.22E-08⁎⁎
y 38.33 1.60E-06⁎⁎
z 23.64 0.000346⁎⁎
⁎ p b 0.05.
⁎⁎ p b 0.01.overlap incolors (Figs. 6 and 7), indicated no signiﬁcant association be-
tween cluster and color.
The lack of association between color and settlement cluster is in-
structive because Brown (1999: 381–382) found small but statistically
signiﬁcant differences between the slip colors from the two cluster
usingnon-parametricMann–WhitneyU tests on each variable separate-
ly. This illustrates the difference between usingunivariate tests and con-
sidering all three color variables simultaneously, as we have here.
We also considered whether color variation might partition in rela-
tion to individual houselots. Brown (1999: 382) also found signiﬁcant
color differences among houselots when considering Hue, Value, and
Chroma individually usingKruskal–Wallis tests.We also performeduni-
variate Kruskal–Wallis tests among houselots, but for each of the x, y,
and z coordinates individually. As shown in Table 5, there are signiﬁcant
differences in color between houselots for all three dimensions at α=
0.001. However, Bonferroni-corrected MannWhitney pairwise tests in-
dicated that many of the houselots showed no signiﬁcant differences in
x, y, or z coordinates. Based on these results, we determined that
houselots AA-53 and AA-52 have distinct x values, houselots AA-53
and AA-49 have distinct y values, and houselots AA-52 and AA-46
show distinct z values, when compared to the other houselots (see
Figs. 1 and 2).
Altogether, this information indicates signiﬁcant differences in ce-
ramic color dimensions by houselot, but no pairwise test indicated sig-
niﬁcant differences in all three color dimensions. Obviously, univariate
analyses of Munsell data are not ideal. Although there were signiﬁcant
differences between houselots for each coordinate, a 3-D plot of our
data set by houselot suggests signiﬁcant overlap (see Fig. 8).
We ran additional binary logistic regressions between houselot
pairs, the most successful of which was on houselots AA-52 and AA-
46. As shown in Table 6, a base model predicted all cases as being
from houselot AA-52, with an overall predictive correctness of about
56%.
Table 7 shows the regression model for x, y, and z coordinates by
houselot. In this case, only the x coordinate was a signiﬁcant predictorTable 6
Predictive correctness of pre-regression model for houselot.
Predicted classiﬁcations before regression: houselot
Step 0 Predicted houselot Percentage correct
AA-52 AA-46
Observed houselot AA-52 165 0 100.0
AA-46 129 0 0.0
56.1
Table 7
Binary logistic regression model for houselot.
Logistic regression model: household
B S.E. Wald df Sig. Exp(B) 95% C.I. for
Exp(B)
Lower Upper
x 0.508 0.195 6.808 1 0.009⁎⁎ 1.661 1.135 2.433
y 0.209 0.121 2.968 1 0.085 1.233 0.972 1.564
z 0.355 0.282 1.586 1 0.208 1.427 0.821 2.480
Constant −4.082 1.232 10.972 1 0.001⁎ 0.017
⁎ p b 0.05.
⁎⁎ p b 0.01.
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the cases were predicted correctly, with 97 cases (about 39% of the data
set) still predicted incorrectly.
Much like the regression on clusters, the regression model on
houselots AA-52 and AA-46 was relatively poor at classifying the data.
The Hosmer and Lemeshow goodness-of-ﬁt test (p=0.104) and the
Nagelkerke R-squared approximation of model signiﬁcance (p=
0.136) both indicate a poor-ﬁtting model for predicting houselot by
color (Hosmer et al., 2013). So, although the model is nominally signif-
icant, and it is the best of the regressions between houselots, it is not an
especially goodmodel for the data. Again, this contradicts the univariate
analysis and highlights the necessity of considering all three variables
together.
5. Conclusions
Our analyses indicate, ﬁrst and foremost, that converting Munsell
color data into Cartesian coordinates opens upmany avenues for quan-
titative analysis beyond the simple descriptions that typically appear in
the literature. Our analyses are more powerful and ﬂexible than
Frankel's (1994) visual analysis, although he certainly deserves much
credit for being a pioneer. Moreover, our approach does not require ex-
pensive laboratory equipment or complex conversions between color
spaces; it simply takes advantage of the type of data we already collect,
and the results are easily understandable in terms of a measurement
system with which we are already familiar.
In our ﬁrst regression, based on two ceramic types—Mama Red and
Polbox Buff—we conﬁrmed statistically that colors of the sherds as orig-
inally sorted in the ﬁeld are distinctive. However, the overlap between
their distributions suggests they cannot be sorted reliably and that per-
haps these types and their siblings, Peto CreamWare and Sulche Black
Ware, should all be grouped in a single Burnished Ware, as Smith sug-
gested (Smith, 1971). This would certainly be more in accord with
their paste characteristics.
Althoughwewere unable to detect differences in ceramic slip colors
between the two houselot clusters, the analysis of these colors by
houselot revealed some minor differences. The Kruskal–Wallis and
pairwise Mann–Whitney tests indicated signiﬁcant differences in each
dimension by houselot, but our logistic regressions based on houselots
suggest that when considered in the Munsell color space, our data do
not separate well by color into distinct houselots, as our best regressionTable 8
Predictive correctness of regression model for houselot.
Classiﬁcations for household predictions
Step 1 Predicted
household
Percentage correct
AA-52 AA-46
Observed household AA-52 124 28 81.6
AA-46 69 44 38.9
63.4for houselot only increased predictive correctness from about 56% to
about 63%. It is possible, of course, that larger samples would ﬁnd that
minor effects are statistically signiﬁcant. Although we did not recapitu-
late Brown's original analyses (1999: 379–382), our results suggest that
the differences he identiﬁed using univariate methods are not as robust
as they appeared, and in some cases were probably illusory. However,
since both the samples and methods were different, we cannot assert
with certainty that his conclusions were false.
Archeologists address multifarious problems through ceramic
description and analysis, for example, chronology (of course); social
structure (Arnold, 1989; Brown, 1999; Deetz, 1960, 1965; Longacre,
1963, 1970); ethnicity and identity (Emberling, 1997; Jones, 1997;
Steinbrenner, 2002); organization of production, including scale and
standardization of production (Rice, 1981; Sinopoli, 1988); trade and
exchange (Bishop, 1994; Smith, 2010); and many other issues. Al-
though it is a very common attribute, and often a mode (sensu Rouse,
1939), color has rarely been analyzed statistically as part of such studies,
for precisely the reasons previously discussed. Of course, the nature and
quality of the question being asked determines whether the analysis of
color yields descriptive, cultural historical, explanatory, or some other
kind of information. Different types of questions require different statis-
tical approaches to the spatial color data. For example, you could use
exploratory spatial analysis techniques, such as k-means cluster
analysis, to identify groups of objects with similar colors. For the
purposes of archeological classiﬁcation, two three-dimensional clouds
of points, even if they overlap to some extent, are analogous to the
bimodal distribution of single variable, which could indicate the
presence of two types or varieties (Read, 2007).
Ceramic standardization offers an example that could also be studied
with Munsell color data. Standardization is often analyzed by consider-
ing changes in the variance, standard deviation, or coefﬁcient of varia-
tion of metric variables (Arnold, 1991; Costin, 1991; Sinopoli, 1988; cf.
Kvamme et al., 1996), such as vessel height, rim diameter, and so
forth. The spatial equivalent of the standard deviation is called the stan-
dard distance or the standard deviation distance. It is calculated as the
standard deviation of the distances between each point and the cluster
centroid. The centroid is calculated as the mean value in each dimen-
sion, x, y, and z. So, in theory, one could calculate the standard distance
of two (or more) sets of measurements and determine which is more
(most) compact and thereby test the corresponding hypothesis regard-
ing standardization and scale of production.
A word of warning: Because Munsell measurements are interval
scale—the “zero points” along each dimension are all arbitrary in a
sense—you should be careful to avoid statistics that involve transforma-
tions that are inadmissible, or impermissible, for that level of measure-
ment. So, for interval scale variables, the arithmetic mean, the mode,
and the median are all acceptable measures of central tendency, and
the range and standard deviation can be used to measure dispersion.
However, some statistics, such as the coefﬁcient of variation, are not
meaningful (because it requires division by the mean).
Obviously, the mathematical techniques described here are applica-
ble to any Munsell color data set, which in archeology could include ce-
ramic colors, paint colors of ceramic or other artifacts, lithic artifact
colors, and textile colors. Finally, a wealth of existing data sets of
Munsell colors, both within and outside of archeology (e.g., Wright,
1969) can now be analyzed more thoroughly.Acknowledgements
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